This paper compares the dynamic consistency of targeting methodologies that use multidimensional welfare indicators with those based on means and proxy means tests using panel data from Mexico. To make these comparisons, an extension of the Alkire and Foster (2008) dual cutoff multidimensional poverty methodology is proposed. This extension provides a relative approach to multidimensional deprivation that ranks individuals according to an aggregate of their relative position in the distribution of a set of welfare attributes or outcomes. The extension gives particular importance to deprivations that affect smaller portions of the population, as these deprivations are especially critical in defining relative multidimensional welfare. The findings, disaggregated by geographical area (urban and rural), suggest that taking into account deprivation in multiple dimensions may lead to more dynamically consistent measures of well-being and thus more dynamically consistent targeting algorithms.
Introduction
Targeting methods are essential components of social safety net programs, such as conditional cash transfers. Conceptually, targeting is intended to answer the question of who should benefit from a given development initiative. Targeting mechanisms are justified by budgetary reasons, equity considerations, limiting the unintended consequences of transfer programs (especially disincentives to labor force participation), and improving the effectiveness of interventions when benefits are likely to have higher impacts on specific population groups. Equity considerations imply that certain populations, in a given country or region, are more likely to be underdeveloped according to certain ascribed characteristics such as their age, gender, and membership of a marginalized group, among others. Targeting mechanisms are also necessary to compensate for geographical welfare disparities, particularly for certain isolated regions or rural localities.
In order to improve social safety net effectiveness, and given the high levels of poverty and social exclusion still remaining in many developing countries, looking for ways to improve targeting mechanisms for social government expenditure is needed. Several studies have analyzed the efficiency of different targeting methodologies (see, for example, Parker, 2004, and Grosh, 1994) . Most of these studies, however, have used cross-section data to determine if the admission of a household into a program was adequately performed or not. To the best of our knowledge, none of these studies has considered the dynamic nature of poverty and deprivation and how this can influence the consistency of targeting methods across time.
We consider a targeting measure to be dynamically consistent when a household that was poor in an initial period, and was consequently admitted into a welfare program, will remain poor in following periods. Note that for some programs targeting may not need to be dynamically consistent, either because they aim to protect beneficiaries from short poverty spells or they are expected to rapidly increase household capabilities or opportunities. Analyzing the dynamic consistency of targeting measures is relevant for programs that are aimed at the "structurally poor" and support beneficiaries for long periods of time, such as Conditional Cash Transfer Programs. Moreover, in most cases these programs target beneficiaries based on cross sectional data and do not have the flexibility of re-targeting and updating beneficiaries' rosters frequently. This is usually due to data limitations (e.g., it is too costly to recertify beneficiaries constantly) or to political reasons, as social conflicts could emerge from frequently including and excluding some households.
In recent years it has been common to assert that poverty is a multi-dimensional phenomenon, and thus poverty reduction programs are increasingly adopting a multidimensional approach (including Social Investment Funds and Conditional Cash Transfer Programs). Yet, many of these programs still use one-dimension targeting methods. Methods that target populations based on highly volatile or unpredictable variables, such as income, are not likely to be consistent over time. The movement of households in and out of poverty over time leads to problems of leakage and under-coverage. In addition, programs in developing countries usually rely on proxy means tests as income is very difficult to verify. Proxy means testing involves predictions of income based on fairly easily observed characteristics. The correlation of these characteristics with income evolves over time, introducing further errors into the targeting process.
In this paper a multidimensional welfare measure is constructed in which both income and other well-being indicators are included. Using panel data information from Mexico, our objective is to compare the dynamic consistency of targeting methodologies that use multidimensional welfare indicators with that of techniques based on means and proxy means tests. The multidimensional indicator constructed is based on an extension of the Alkire and Foster (2008) dual cutoff multidimensional poverty methodology. Our method replaces the arbitrary judgment of threshold values by adopting a relative approach to deprivation. For this, we rank individuals according to their relative position in the distribution of a set of welfare attributes or outcomes among the population at large.
Our findings, which are disaggregated by geographical area (urban and rural), suggest that taking into account deprivation in multiple dimensions may lead to more dynamically consistent rankings of people's well-being and thus more dynamically robust targeting. Our results also show that adopting a multidimensional approach in targeting processes can be even more dynamically consistent when programs are looking to target the poorest or most deprived population.
A study of this type can shed light on how to improve the targeting mechanisms used by development programs and contribute to improve the social public expenditure allocation. It is important to highlight that we do not intend to provide conclusions in terms of which measure is most appropriate for analyzing poverty. Instead, we will be looking only at the dynamic consistency of each measure. Multidimensional well-being indicators can incorporate dimensions not highly correlated with income, which can lead to identifying populations groups other than those traditionally identified as poor. The issue of choosing which dimensions and variables are relevant will finally depend on society's consensus on which variables are related with poverty, the objectives of each program and the availability of information.
The paper is structured as follows. The next section discusses the related literature.
Section 3 presents an example using information from the Oportunidades program in Mexico to motivate our discussion of the dynamic consistency of targeting. Section 4 explains the methodology used for the construction of our relative multidimensional welfare indicator and the estimation of proxy means test targeting, and Section 5 describes the data used in our empirical application presenting some descriptive statistics of the sample. Section 6 presents the main results, and Section 7 concludes.
Literature Review
Even though most empirical work on poverty still uses a one-dimension measure to judge a person's well-being, usually per capita income, many authors have recognized that income itself may not be an appropriate variable on which to measure human deprivation. A person with a higher income level may not be able to improve some of his monetary and non-monetary attributes. Moreover, markets for some non-monetary attributes may not exist or could be highly imperfect (Tsui, 2002; Duclos et al., 2006; Bourguignon and Chakravarty, 2003; Atkinson, 2003) . Therefore, as a person's well-being has dimensions that cannot be purchased, income as the sole indicator of well-being is inappropriate and should be supplemented by other attributes or variables.
The idea that there are many facets to poverty and deprivation has been the source of many studies in the recent years. The need to go beyond income has been highlighted, especially by Sen (1992) , who supported the idea that poverty should be seen as a capability deprivation, where living is seen as a set of interrelated functionings (or outcomes) consisting of being and doing. Rawls' A Theory of Justice (1971) has also been very influential in this line of thinking.
Rawls proposed that ensuring the well-being of a person required certain basic needs to be met.
These needs are regarded as the means that are necessary for people to take part in the life of their society and include economic means as well as institutional rights and freedoms (Freeman, 2007) .
Despite the extensive size of the literature on multidimensional poverty and deprivation, no single multidimensional welfare index has received unanimous approval. Constructing a multidimensional welfare indicator is ethically and empirically problematic, as it requires the definition of the welfare dimensions to consider, the weight of each dimension, deprivation cutoffs for each dimension, aggregation across individuals of individual deprivation statuses and the estimation of multidimensional poverty lines. There are still differences among analysts, especially regarding the relevant dimensions and their relative importance. This has lead to an increasing supply of multidimensional well-being indicators, sometimes yielding different results (Battiston et al., 2009 ). Tsui (2002) makes one of the first attempts to tackle the problem of multidimensional poverty. He clarifies the axiomatic basis for the design of multidimensional poverty measures and generalizes the class of subgroup consistent poverty indices introduced by Foster and Shorrocks (1991) to a multidimensional framework. Later, Bourguignon and Chakravarty (2003) also propose a multidimensional framework, which is formalized in terms of shortfalls from threshold levels of attributes themselves, and is determined independently of attribute distributions. Their paper examines various aggregation rules using different postulates for a measure of poverty, making a distinction between additive and non-additive poverty measures. Atkinson (2003) adopts a social welfare function approach, based on the Bourguignon and Chakravarty methodology, and brings out the role played by the cardinalization assumptions (the degree of concavity of the social welfare function) and the weighting of different attributes.
He distinguishes two different forms of aggregation. The first combines different elements of deprivation at the individual level, which are then summed over individuals first to form an aggregate index for the country. The second sums across individuals first, to form a total indicator for all individuals in one dimension, and then combines the total indicators for different attributes.
More recently, Alkire and Foster (2008) have proposed a new methodology for multidimensional poverty measurement consisting of an identification method that extends the traditional union and intersection approaches, and the Foster, Greer and Thorbecke (FTG) class of poverty measures, which satisfies several desirable properties including decomposability.
Their identification procedure employs two cutoff levels: one for each individual dimension to determine whether a person is deprived in that dimension and a second for the weighted aggregation of dimensions that identifies whether a person is multidimensionally poor. The identification method is particularly well suited for use with ordinal data. Individual deprivation levels are estimated using FGT poverty measures.
Several empirical applications of the multidimensional welfare measures summarized above exist. Alkire and Foster (2008) apply their methodology to data from Indonesia and the U.S. Bourguignon and Chakravarty (2003) apply their measures to evaluate the evolution of poverty in rural Brazil in the 1980s. Paes de Barros et al. (2006) introduce a scalar indicator to estimate the degree of multidimensional poverty of families using Brazilian household surveys. Krishnakumar and Ballon (2008) operationalize the capability approach using the latent variable methodology. They specify a structural equation model for Bolivia to account for the unobservable and multidimensional aspects that characterize human development.
López and Ortiz (2008) compare a monetary measurement of poverty with a multidimensional measurement that quantifies the probability of falling into poverty on the basis of several well-being indicators or variables using Mexican data. They include dimensions weakly correlated to household income to highlight the relevance of multidimensional poverty measures. Their dimensions include socio-demographic variables, exposure to violence and shocks, access to health and basic insurance, among others. Based on these comparisons they quantify the magnitude of the exclusion error of income-based measures (assuming that their multidimensional measure is the "true" poverty measure), finding large errors when considering higher income poverty lines.
In terms of relative multidimensional poverty, Poggi (2007) analyses the causes leading to social exclusion dynamics in Europe. He defines social exclusion as a person's deprivation in one or more functionings that include both economic and social features. Given that a functioning can be achieved at different levels at a point in time, and any choice about the threshold (below which an individual is counted as deprived) has some degree of arbitrariness, he fixes the threshold in each dimension as 50 percent of the functioning's mean distribution. Following Poggi's work, Conconi and Ham (2007) propose a method for the measurement of relative multidimensional poverty, extending the Foster Greer Thorbecke (FGT) measurements.
They apply this measure to Argentinean cross-section surveys from 1998 to 2002. Battiston et al. (2009) Alkire and Foster (2008) and Bourguignon and Chakravarty (2003) .
1 Their study incorporates the weighting of different dimensions derived from a participatory study on the voices of the poor performed in Mexico. 2 They observe large differences among countries and also within countries between urban and rural areas and conclude that increasing access to proper sanitation and improving education should be policy priorities, as they are the largest contributors to multidimensional poverty.
In terms of targeting, there are many studies evaluating different targeting techniques.
The existing literature, however, largely focuses on the description of individual programs (Coady and Parker, 2004) and comparative analysis tends to cover a single region (Grosh, 1994; Braithwaite et al., 2000) , method or intervention (Kakwani and Son, 2006 Battiston et al. (2009) incorporate six dimensions into their multidimensional poverty measure. The dimensions are: i) income; ii) children attending school; iii) education of the household head; iv) sanitation; v) water; and vi) shelter. 2 The study was carried out by the Mexican Secretaría de Desarrollo Social (Székely, 2006) . In this study, poor individuals were asked about their valuation of different dimensions. These results were used to produce a ranking of the six indicators used by Battiston et al. (2009). quality-of-life index with a proxy means test for income. They focus on the efficiency and efficacy of these approaches by examining primarily the trade-off between leakage and coverage.
They conclude that a multidimensional measure is better able to identify the extremely poor.
This might be due to the fact that the parameters of the proxy means test are usually estimated using the entire income distribution of a population and may not accurately fit the lower tail of the distribution.
Recently, Coady and Parker (2009) 
Dynamic Targeting Performance of the Oportunidades Conditional Cash Transfer Program in Mexico
To motivate our discussion on the need for looking for alternative measures of welfare to improve the dynamic consistency of targeting methods, we present a brief example using data from the Oportunidades program, which is the one of the oldest and largest Conditional Cash
Transfer (CCT) programs implemented in Latin American. 3 We show that, even though the program is relatively well targeted to the poorest population, there seems to be some problems in terms of the dynamic consistency of its targeting method.
Oportunidades (previously known as Progresa) was first implemented in rural areas in that of other similar social safety-net programs in developing countries (Coady, Grosh and Hoddinott, 2004) .
Oportunidades uses a combination of targeting methods to identify eligible households.
Geographic targeting methods are used to identify the poorest localities for participation in the program. Once localities have been identified, a proxy means test is used to identify poor households within each locality. 4 In rural areas a census of socio-economic characteristics was performed in each locality to identify poor households by a proxy means test. In urban areas,
given the high costs of performing a census of this kind, a strong element of self-selection is introduced. This implies that individuals must to some extent select themselves to be beneficiaries Parker, 2004 and 2009) . To assess the dynamic targeting efficiency of our two methodologies (multidimensional relative targeting and income-based targeting, both means and proxy means) we will assume that households are targeted at time t and then we will assess the dynamic consistency of the targeting decision both at time and
This exercise is relevant for programs that target beneficiaries based on cross-sectional data and do not have the flexibility to re-target and update beneficiary rosters frequently, either due to the nature of the program (e.g., programs that are aimed at the "structurally poor" and accompany beneficiaries for long periods of time, such as Conditional Cash Transfer Programs) or due to data limitations (e.g., it is too costly to recertify beneficiaries). In the next subsections we explain each targeting methodology.
Multidimensional Poverty Measurement and Targeting
The multidimensional targeting methodology that we use is an extension of Alkire and Foster (2008) ), the vector of deprivation cutoffs and the dimensional weights will be derived from the relative poverty line and the relative position of the household in the distribution of the dimension. Each of these functions needs to be defined specifically for continuous dimensions, discrete dimensions and dichotomous dimensions.
Continuous Dimensions
In the case of continuous dimensions such as income or consumption the cutoff point for the continuous dimension and the relative poverty line (
) is defined solving the identity: 
, and otherwise. For comparability with the other targeting schemes, we will also estimate using expected income from a log linear income regression model , where is estimated by OLS from the model
Discrete Dimensions
In the case of discrete dimensions such as years of schooling, the cutoff is also defined by solving the inequality:
In this case:
, and otherwise.
Dichotomous Dimensions
In the case of discrete dichotomous dimensions such as access to basic social services, the cutoff point is always 1 ) ( = η z , i.e. being deprived in the dichotomous dimension ( ). In this case we set 
Identification of the Relative Poor (Target Population)
Finally, to identify the relative poor (or in our case the population eligible for the program) we focus on the case in which 0 = α , and we calculate the weighted relative multidimensional deprivation score of each household we estimate the relative multidimensional 
We estimate dynamic targeting consistency for the multidimensional algorithm using both observed income and predicted income.
Means Test Targeting
For means test targeting we first derive a relative poverty line based on the percentage of population that we want to target in the program. This line η z can be found by solving:
. In this case dynamic targeting efficiency for household i is given by:
Proxy Means Test Targeting
We estimate a Log Linear Income Algorithm taking into account that only certain household characteristics are observed and they are use to predict household income. Existing data sources such as household surveys or census are used to create targeting algorithms that predict income based on observable and easily verifiable household characteristics. Income is predicted using standard OLS regression techniques:
Cutoff points are then derived as a function of the percentage of households (η ) that the program wants to target. Thus the cutoff point ) (η z is derived to solve . A household will be considered eligible for program benefits in this case if . Dynamic targeting consistency for household i is given by: , 
Data and Descriptive Statistics of the Sample
We Given that we present our results disaggregating them by geographical area (urban and rural), we exclude from our sample all migrant households. In this way we are excluding the possibility that changes observed in the deprivation status from one period to the other might be related to migration decisions. We also exclude observations with missing values in any of the variables we use to construct our multidimensional welfare measure. Our final sample is composed of 4,207 households (approximately 19,180 individuals), 45 percent living in urban areas and 55 percent in rural areas. Table 1 presents some descriptive statistics for the sample. As is expected, poverty levels (measured by income) are higher in rural areas. Rural areas are worse off in other several household characteristics as well. The education of the head of the household in rural areas is, on average, two years less than in urban areas. Access to basic services, such as having a toilet or running water in the house, is also more restricted in rural areas. In addition, more children in rural areas are malnourished and work to support their household economies. On the other hand, exposure to violence seems to be higher in urban areas. On average, more than 60 percent of the urban population lives in areas where there are robberies, street gangs, armed groups, or alcoholic and drug-addicted persons, among other concerns. In terms of the exposure to shocks, such as unemployment, the death of a member of the household, sickness, and natural disasters, people are more vulnerable to suffer these shocks in urban areas.
Looking at changes in the variables between the two periods of study, there has been a decrease in food-based poverty levels, particularly in rural areas, and also an increase in poverty levels considering the asset-based poverty line, This is particularly important in urban areas, and it could lead to an increase in transient poverty levels. Finally, it is important to highlight the decrease in exposure to violence from one period to the other in both urban and rural areas. 7 In Spanish ENNVIH (Encuesta Nacional sobre los Niveles de Vida de los Hogares Mexicanos). 8 Mexico has three poverty lines: (a) The food-based poverty line, which is defined as the cut-off that reflects the minimum level of income deemed necessary to buy a basic basket of food; (b) the human capacity poverty line, which represents the minimum level of income deemed necessary to be able to afford a basket of food and basic health and education needs; and (c) the asset-based poverty line, which adds clothing needs, house infrastructure needs and transport needs to the previously defined poverty lines.
Results

Summary of Results
Based on the existing literature on multidimensional poverty measures and considering the rich amount of information provided by the MxFLS, we identify eight dimensions for constructing our multidimensional welfare indicator. Dimensions included in our analysis (presented in Table   2 ) try to reflect several important aspects that determine a person's well-being. They include income, education, household structure, health, labor status, access to basic services, and exposure to violence and shocks. Within each dimension we select a series of indicators to determine if a household can be considered deprived in each dimension. We include a total of 13 variables or indicators for our eight dimensions.
The selection of dimensions and variables in the construction of a multidimensional welfare measure is a controversial one. Although scholars and practitioners in the field agree that poverty is best understood as a multidimensional phenomenon, there are still differences Even though our dimensions try to reflect achievements rather than means (following the capability approach proposed by Sen, 1992) , we include income as our first dimension. We believe household per capita income can provide relevant information about the evolution of household welfare. In addition, it has been long argued that income dimensions as well as basic needs indicators are relevant when assessing well-being and that there can be significant targeting errors when only one of them is used (Battiston et al., 2009) . In this paper we construct a measure in which both income and other indicators are included. Throughout our results, we will include and exclude the income variable from our multidimensional welfare indicator as a way of performing a sensitivity analysis. Source: MxFLS. Table 3 and Table 4 present correlation matrices for different poverty and welfare measures. We show our multidimensional welfare indicator, both including and excluding the income dimension. We also calculate different relative welfare measures considering two cutoff points. In urban areas we consider the bottom 10 percent and 20 percent of the population, and in rural areas the bottom 20 percent and 40 percent. As expected, one-dimension poverty measures, based solely on income, are highly correlated. As we decrease the cut-off point of our relative measures, the correlation with the traditional poverty measurements (food-based, human capacity and asset-based) decreases. When we exclude the income dimension from our multidimensional measure there is an important decrease in its correlation with other poverty measures. This suggests that we are including dimensions that are not highly correlated with income and, in some cases, this could justify the need for a multidimensional approach.
The Matrices presented in Table 3 and Table 4 show correlation coefficients not only within a given year but also between two years; this allows extracting some conclusions about the persistence of poverty and deprivation within each measure. From looking at the correlation coefficients, we can see that multidimensional welfare measures, particularly those that exclude income, tend to be more persistent in time, and persistency is higher in rural areas. The higher persistency of multidimensional measures is strongly related to the variables included in the construction of such indicators. As is well known, income can be a very unpredictable variable, which leads to important movements of households into and out of poverty from one period to another. Table 5 and Table 6 present the correlation coefficients of variables included in our multidimensional welfare measure. The correlation coefficients highlight the importance of education as one of the main determinants of household income. In rural areas access to basic services, such as toilets, is also highly correlated with income as well as the education of the head of the household. The education of the head also seems important in determining his or her working status, both in rural and urban areas. More educated heads of household display higher rates of participation in the labor market. As expected, higher dependency rates are associated with lower levels of income, lower levels education among members in the household and higher under-nutrition levels among children.
It is noteworthy to look at the interaction between the violence and income variables. In urban areas, exposure to violence increases as household income decreases. In rural areas, violence is positively correlated with income. An important debate concerns the extent to which crime and violence are causally rooted in poverty. While poverty has long been considered the major determinant of violence, more recently it has been demonstrated that inequality is more influential than poverty, with income inequalities being generally more marked in urban than in rural areas (Moser, 2004) . The positive correlation observed in rural areas could be related to the fact that households with higher income levels generally live in urban locales with more population, where street violence tends to be greater.
One important aspect to look at is the correlation between variables included in our multidimensional welfare measure and household income. As López and Ortiz (2009) If we observe the correlation coefficients of each variable between the two periods of study, we can obtain some insights in terms of their persistency or volatility. As expected, variables related to education, house infrastructure and demographic characteristics remain more stable across time. In contrast, variables such as violence, labor market participation and exposure to shocks are less correlated between the years of study. Changes in labor market participation can be strongly related to the economic conditions of the areas where the household is living. Particularly noteworthy is that, even though labor among children is generally low, it seems to be a very volatile variable. This suggests that children may be considered a reserve labor force able to enter the labor markets when the household experiences a shock. Source: Authors' calculations based on MxFSL.
Another way of looking at the persistency of different welfare and poverty measures is to calculate transitions matrices and compare the percentage of households that go in and out of poverty from one period to the other. Table 7 reinforces Source: Authors' calculations based on MxFSL. When using a means test approach we assume that complete information is obtained on household income and/or wealth. This approach requires the existence of verifiable records, such as pay stubs, or income and property tax records. It also requires the administrative capacity to process this information and continually update it in a timely manner (Coady, Grosh and Hoddinott, 2002) . When this capacity is missing, other targeting mechanisms need to be used.
Dynamic Consistency of Targeting Methods
The most commonly applied, is the proxy means test, which involves generating a score for applicants based on easy to observe characteristics of the household (education of its members, access to basic services, demographics, etc.). Usually the indicators used to calculate this score and their weights are derived from statistical analysis of household survey data.
Higher persistency levels, excluding estimation errors, will imply that a given method can perform more dynamically consistently, as there are higher probabilities that a household that was targeted in the first period will remain deprived in the second period. Looking at the results in both comparison groups, we can see that multidimensional targeting methods can perform dynamically better than one-dimension or income-based targeting methods. For example, in the case of a program that aims to target the poorest 20 percent of households in rural areas, when using the means test approach 7 percent of the population remains poor in both periods, this percentage increases to 10 percent when using a multidimensional measure. When comparing the proxy means test with the multidimensional welfare approach (considering the estimated income) the targeting efficiency gap between methods is slightly bigger (4 percent vs. 8 percent).
It is important to highlight that estimating income, as done by the proxy means test approach, introduces further errors to the dynamic consistency of one-dimension methods of targeting. When we compare the estimation errors that arise for not classifying a household in the right group in the first year of the survey, we can see that the proxy means test presents higher estimation errors than estimated multidimensional welfare measures. Estimation errors are also higher in rural areas, where the percentage of households incorrectly classified in the first period is 24 percent with the proxy means approach and 15 percent with the multidimensional measure.
9 Regression results from the proxy means test can be found in the Appendix.
In urban areas, the percentages of households with estimation errors are 15 percent and 9 percent, respectively.
Given that we are dealing with relative deprivation measures, the results presented in Figure 2 presents a sensitivity analysis for our results in terms of the dynamic consistency of targeting measures. We graph the persistency of deprivation when considering different cutoff points (or centiles) to construct our multidimensional and one-dimensional measures. As is well known, it is always more difficult to target the lowest centiles of the population. In general, the multidimensional measure performs better than one-dimensional measures, and the advantages of this measure are more notable in urban areas. There is a clear difference between methodologies that employ observed income and those that estimate income from easily observed characteristics. In the first case, when the percentage of population targeted increases, the means test approach performs quite similarly to the multidimensional approach. In the second case, the advantage decreases at a slower pace as the dynamic targeting errors arising from the estimation of income needed from the proxy means test are more important for the onedimensional case.
On average, the percentage of poor population correctly targeted by the multidimensional measure is three times higher than that of the one-dimensional algorithm in urban areas and two times higher in rural areas when using the estimated income or proxy means test. If we look at each individual centile, the highest gaps are in the first centiles and in urban areas. In all cases, gaps are greater when considering measures that estimate income. In the fifth centile, for example, there is a maximum level of 43, which represents the number of times greater that is the number of adequately poor population targeted by the multidimensional measure when compared to the one-dimensional measure. This difference is 16 times greater in rural areas.
When using observed income, the differences are seven and three times greater, respectively, when comparing multidimensional and one-dimensional measures. 
Conclusions
This paper compares two types of targeting algorithms (a multidimensional welfare indicator and a means and proxy means test) using panel data from Mexico and discusses its dynamic consistency. This exercise is relevant for programs that target beneficiaries based on crosssectional data and do not have the flexibility to re-target and updating beneficiary rosters frequently, whether due to the nature of the program, data limitations or political reasons.
The results presented suggest that multidimensional welfare measures may be dynamically more consistent when compared to one-dimensional targeting methodologies. This means that a household that was considered deprived on multiple dimensions in a first period, and was consequently admitted into a program, will be more likely to remain deprived in the following period when compared to a household that was considered deprived only on the basis of its income level. Particularly notable is that relative multidimensional targeting methods perform relatively better in targeting deprived households at the bottom of the distribution of welfare attributes and outcomes.
The choice of multidimensional welfare index to be computed is a relevant issue, as there is an increasing supply of multidimensional poverty and well-being indicators, sometimes yielding different results. In this paper, we have extended the Alkire and Foster (2008) methodology. Our selection of dimensions and indicators is the result of the literature review undertaken for this study and also of the availability of information. At the end, relevant dimensions and weights should be defined by each program or project according to its specific objectives, the availability of information and its verifiability For policymakers, it will be important to evaluate each targeting mechanism in the context of each particular program. Moving from one-dimensional to multidimensional targeting methods should not be too difficult, as most information required to construct these types of measures is readily available. Throughout this process, it will be good to clearly understand the costs (economic, social, and political) involved as well as the benefits a program can get from it.
To replace the arbitrary judgment of threshold values generally involved in these measures, we adopted a relative approach to deprivation. For this, we rank individuals according the each attribute or dimension and look at the relative availability of that attribute in the population at large. We also give a larger weight to deprivations that affect a small portion of the population, as we believe these are more critical in defining deprivation. Further studies are needed to determine the best way of constructing these measures.
Finally, it is important to mention that the availability of panel data may allow exploring other potential targeting techniques that can more explicitly take into account income and welfare dynamics by modeling the dynamic income-generating process into targeting algorithms. 
